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Abstract. A remote sensing image fusion technique provides a mechanism for integrating multi-
ple remotely sensed images to form an innovative image by using a certain algorithm for improv-
ing the spatial quality of the source image with minimal spectral distortion. Many algorithms,
known as pan-sharpening algorithms, have been developed to improve the spatial resolution of
multispectral (MS) images with a panchromatic (Pan) image. In the standard fusion methods,
high spectral quality implies low spatial quality and vice versa. The utility of one Pan-sharpening
model based on the variational model (VM) that consists of several energy terms is tested on very
high spatial resolution images. In this model, the geometric structure matching term is used to
inject the geometric structure of the Pan image, and the spectral matching term is utilized for
preserving the spectral information. To balance the tradeoff between injecting the spatial infor-
mation and preserving the spectral information, a static and a dynamic weight paradigm were
introduced in this paper to control their relative contributions (static weights VM and dynamic
weights VM). The evaluation of the experimental results on the QuickBird and WorldView-2
datasets shows that VM-based fusion models are better than the principal component analysis,
Brovey transform fusion model, and Wavelet fusion model, and the dynamic weights VM per-
forms better than the static weights VM. VM-based fusion models could be good options for
very high spatial resolution remote sensing image fusion. © 2014 Society of Photo-Optical
Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JRS.8.083565]
Keywords: Pan-sharpening; variational model; QuickBird; WorldView-2; PCA-based fusion;
Brovey transform fusion; Wavelet fusion.
Paper 13351 received Sep. 10, 2013; revised manuscript received May 14, 2014; accepted for
publication Jul. 9, 2014; published online Aug. 18, 2014.
1 Introduction
Various imaging sensors can provide multitudinous images covering different portions of the
electromagnetic spectrum at different spatial, temporal, and spectral resolution. Because each
kind of imaging sensor can only focus on a given different operating spectral range and envi-
ronmental conditions, it may not receive all the information necessary for detecting an object by
human or computer vision. For the full exploitation of increasingly sophisticated multisource
data, advanced analytical or numerical image fusion techniques are being developed. Fused
images may provide improved interpretation capabilities and more reliable results since data
with different characteristics are combined. For example, for spatial characterization of the
landscape (such as shapes, features, structures, etc.) identification, high spatial resolution
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panchromatic (Pan) images are required, but on the other hand, the low spatial resolution multi-
spectral (MS) and hyperspectral images could provide better characterization of the physical
characteristics of different objects.1 A useful technique in various applications of remote sensing,
known as pan-sharpening, involves the fusion of different types of satellite images, namely MS
images with a high spectral but a low spatial resolution, and Pan images with a low spectral but a
high spatial resolution.2–5
Conventional image fusion methods could be grouped into four categories:6 (1) projection-
substitution model, including intensity-hue-saturation color model,7,8 principal component
analysis (PCA),9 Gram-Schmidt;10 (2) relative spectral contribution model, e.g., Brovey,11
smoothing filter-based intensity modulation;12 (3) hierarchical decomposition model, including
Wavelet,13 ARSIS;14 and (4) hybrid models, which combine more than one category, including
Tu, Huang,15 Zhang, and Hong. A review or comparison of these methods can be found in
Refs. 16–20
Generally speaking, the methods producing high spatial quality may cause spectral distortion
in the fused image.21–24 For example, methods belonging to projection-substitution and relative
spectral contribution categories are well suited to certain applications, such as cartography or the
localization of specific phenomena (such as target recognition).25 Due to spectral distortion, they
are not suggested for biophysical studies such as vegetation.8 This distortion is caused by the
assumption that linear relationships between Pan and MS images utilized by the fusion methods
belonging to these two categories are violated26 in most real cases. Alternatively, the ARSIS
concept methods based on multiresolution analysis algorithms inherently fulfill the spectral con-
sistency property and are able to handle local dissimilarities.6 However, they may require greater
computational complexity and additional parameters must be set up before the fusion scheme.27
This type of algorithm also introduces artifacts in the fused images,27 which is as annoying as the
spectral distortion. Furthermore, none of these methods permits an objective control of the trade-
off between spectral and spatial qualities in the fused images.
Variational model (VM)-based fusion can be utilized to balance the preservation of spectral
information and the injection of the spatial information. In this paper, VM-based fusion is pre-
sented and its utility is tested on the fusion of very high spatial resolution images. The VM-based
fusion is implemented through a static weight method, where the coefficients are equally set, and
a dynamic weight method, where the coefficients are determined by using correlation between
the MS and Pan bands. The fused results are compared against that achieved by the PCA,
Brovey, and Wavelet fusion models using four evaluation indices, including the correlation coef-
ficient (CC), universal image quality index (Q-average), root-mean-square error (RMSE) model,
and spectral information divergence (SID) model. The experiments are performed on the
QuickBird and WorldView-2 datasets, which have different situations concerning the matching
of the spectral range between MS and Pan bands.
2 Methodology
2.1 Variational Model
Ballester et al.28 proposed the VM to implement pan-sharpening, which is established based on the
assumption that, to a large extent, the geometric information of the MS images is included in the
topographic map of the Pan image. In this research, the VM is employed by the fusion experiments
on the very high spatial resolution satellite images, e.g., QuickBird and WorldView-2 datasets.
In this model, the energy equation consists of three components.
2.1.1 Linear combination matching term
Assuming the Pan image is a linear combination of the different MS images with coefficients
alpha α: PðxÞ ¼ Pni¼1 αiMi, the energy function of the first term could be expressed asZ
Ω
XN
n¼1
αnun − P
2
dx; (1)
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where n represents the index of the MS bands, un represents the corresponding desired high
spatial resolution MS bands, and P represents the high spatial resolution Pan image.
2.1.2 Spectral matching term
To establish the spectral matching term, we assume that each low spatial resolution pixel is
obtained through low-pass filtering and resampling on the corresponding high spatial resolution
pixels. Therefore, the energy term is expressed as
XN
n¼1
Z
Ω
ΠS½ðkn  unÞ− ↑ Mn2dx: (2)
In this formulation, kn is a convolution kernel representing the low-pass filter, e.g., a 5 × 5
Gaussian kernel is utilized in this research, ΠS is a Dirac comb (which is also known as an
impulse sampling function in electrical engineering).
2.1.3 Pan image geometric structure matching term
The study was based on the assumption that the image geometric structure information is con-
tained in the level set. The level set is a numerical technique for tracking interfaces and shapes,
which is independent of the image level or intensity.29 The level set of the image can be
expressed as all the unit normal vectors of the image vector field, e.g., the level set of the
Pan image θ, is expressed as θ · ∇P ¼ j∇Pj.
The level sets of the MS bands are contained in the Pan image. Thus every recovered image
should satisfy j∇Mnj − θ · ∇Mn ¼ 0. The sum of these items composes an energy function.
These items are weighted by introducing a parameter γn for each band. Then, the geometric
energy term is as follows:
XN
n¼1
γn
Z
Ω
ðj∇unj þ divðθÞ · unÞdx: (3)
To meet the general assumption, the vector field for every position/pixel should be calculated.
In practice,28 θðxÞ ¼ f½∇PðxÞ∕j∇PðxÞjg, if j∇PðxÞj ≠ 0, and θðxÞ ¼ 0 elsewhere.
After combining the above three terms into the energy equation, it is seen that
JðXnÞ ¼
XN
n¼1
γn
Z
Ω
½j∇unj þ divðθÞ · undxþ λ
Z
Ω
XN
n¼1
αnun − P
2
dx
þ μ
XN
n¼1
Z
Ω
ΠS½ðkn  unÞ− ↑ Mn2dx: (4)
The fusion images can be obtained with the minimum of the above energy function.
2.2 Static Weights and Dynamic Weights VM-Based Fusion Models
The coefficient alpha α in the energy function (1) determines the original linear composition of
different MS bands. Generally, there are two strategies that can be utilized in this determination:
(1) static weights and (2) dynamic weights.
For the static weights variational model (SWVM)-based fusion model, an equal value was
preset for the coefficient α for each MS band, thus each of the MS bands has an equal weight to
the contributions of the Pan band. Regarding the dynamic weights variational model (DWVM)-
based fusion model, the coefficient alpha α is determined by the correlation between each of the
MS bands and Pan bands. A large CC between an MS band and a Pan band indicates that a large
weight is given to this band.
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2.3 Evaluation Models
In this research, the following four indices would be utilized to evaluate the fusion results.
2.3.1 Correlation coefficient
The CC is a very popular statistical method for measuring the similarity of two datasets. The CC
is in the range from minus one to one while values close to one indicate a high similarity and
values close to minus one indicate an inverse relationship. The equation for the CC between two
bands A and B is
CorrðA; BÞ ¼
P
i
P
jðAi;j − ĀÞðBi;j − B̄Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½P
i
P
j
ðAi;j − ĀÞ2½
P
i
P
j
ðBi;j − B̄Þ
r : (5)
Since we want to sharpen, and therefore change the MS bands, it is obvious that a high CC
between each original MS and its sharpened band is not necessarily desirable. We should note
that this does not contradict with spectral preservation in sharpening, as the spectral preservation
is to guarantee that the degraded version of the original resolution of the sharpened MS images
should be as close as possible to the original MS images.
We follow the idea in Ref. 30 and calculate the CCs for different combinations of the MS
bands. The CC between bands i and j in the original MS image should be as close as possible to
the same CC in the sharpened MS image. This means the relationship between the MS bands
should stay the same. If the MS bands were similar or dissimilar before the sharpening process,
they should still be similar or dissimilar afterward. We, therefore, use the average change in CC
for all combinations of the MS bands as a quality metric
CCðu;MÞ ¼
P
N
n
P
N
m<n jCorrðMn;MmÞ − Corrðun; umÞj
NðN−1Þ
2
: (6)
Low values of CC indicate good spectral quality.
2.3.2 Universal image quality index
For two signals x ¼ fxiji ¼ 1;2; : : : ; Ng and y ¼ fyiji ¼ 1;2; : : : ; Ng, the Q-average equation
models’ distortion is a combination of three factors, including loss of correlation, luminance
distortion, and contrast distortion.31 The equation could be written as follows:
Q ¼ σxy
σxσy
·
2x̄ · ȳ
x̄2 þ ȳ2 ·
2σxσy
σ2x þ σ2y
; (7)
where
x ¼ 1
N
XN
i¼1
xi; y ¼
1
N
XN
i¼1
yi; σ2x ¼
1
N − 1
XN
i¼1
ðxi − xÞ2;
σ2y ¼
1
N − 1
XN
i¼1
ðyi − yÞ2; and × σxy ¼
1
N − 1
XN
i¼1
ðxi − xÞðyi − yÞ.
The first term is the CC between the two signals (x and y), the second term measures how
close the mean luminance is between the two signals (x and y), and the third term measures how
similar the contrasts of the images are. This equation can also be expressed as
Q ¼ 4σxy · x̄ · ȳðx̄2 þ ȳ2Þðσ2x þ σ2yÞ
: (8)
Q-average takes values between −1 and 1, with 1 being the best possible value. To compare
the spectral quality of the MS images, the model is utilized slightly differently from that in the
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original Q-average paper.31 We use the average over all metric values of the MS bands to measure
how the fused images have been distorted.
2.3.3 Root-mean-square error
The RMSE is a simple metric that directly takes the difference in pixel values into account. The
equation for RMSE is given by
RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
n
P
i
P
j ðui;j;n −Mi;j;nÞ2
N · I · J
s
: (9)
The smaller this value is, the better the spectral quality.
2.3.4 Spectral information divergence
The SID of two spectral vectors is defined as follows:
SIDð~f; ~mÞ ¼ Dð~fjj ~mÞ þDð ~mjj~fÞ; (10)
where Dð~fjj~mÞ is the relative entropy of two vectors ~f and ~m, defined as
Dð~fjj ~mÞ ¼
XN
n¼1
fn log

fn
mn

: (11)
The average SID over all pairs of spectral vectors would be used as a quality index with 0
being the best possible value.
3 Data and Experiments
3.1 Data
In this research, the sample QuickBird images data and WorldView-2 images data supplied by
DigitalGlobe are utilized.
The acquisition time of the QuickBird data is July 4, 2005 (Fig. 3). The QuickBird satellite
has one Pan channel with 0.6-m spatial resolution, 0.45 to 0.9 μm as the spectral range, and four
MS channels with 2.4-m spatial resolution, and 0.45 to 0.52, 0.52 to 0.66, 0.63 to 0.69, and 0.76
to 0.90 μm as the spectral range for each channel. The spectral response function can be seen in
Fig. 1. Different channels have different spectral radiance functions.
With regard to WorldView-2 data, the acquisition time of the data is December 10, 2009
(Fig. 3). WorldView-2 provides commercially available Pan imagery at 0.46-m resolution
with a 0.45 to 0.80-μm spectral range, and eight-band MS imagery at 1.84-m resolution
with a 0.40 to 1.04-μm spectral range. Also, the detailed spectrum response of WorldView-2
data can be seen in Fig. 2 as follows.
Two subsets of the QuickBird images are shown in Fig. 3. Each of the subsets has 400 ×
400 pixels in the Pan channels and 100 × 100 pixels in the corresponding MS channels. The
subset-1 is a residential area featuring vegetation, roofs, and roads. Subset-2 has a simpler cover-
age situation, mainly including sparse vegetation and bare soil. The WorldView-2 data has the
same size: 400 × 400 pixels in the Pan channels and 100 × 100 pixels in the MS channels. Both
subset-1 and subset-2 are urban areas, of which the first one is mainly covered by green land and
the second one by built-up areas.
3.2 Fusion Experiments on QuickBird Sample Images
In this research, the SWVM and DWVM models are applied to the two groups of QuickBird
images, and compared with the results achieved by the PCA, Brovey, and Wavelet fusion models.
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Table 1 illustrates the determination process of the dynamic weights of the two groups of
QuickBird images. The weight value is determined by the CC between each of the MS bands and
the Pan bands. The larger the CCs are, the larger the weights will be. As can been seen from
Table 1, the CC between the MS bands and Pan bands is related to the land cover/use status and
varies for different MS bands.
The results of the evaluation indices for different methods could be seen in Table 2 and the
fused results are shown in Fig. 4. Through the comparison, we could find that the SWVM- and
DWVM-based fusion models are better than PCA, Brovey, and Wavelet fusion models in terms of
the balance between spatial and spectral information (SWVM and DWVM are often listed as the
second best among them). We can also find the CC and Qave of Wavelet fusion model the best
among five fusion models, but the RMSE and SID are worse. The SID evaluation index shows that
the Brovey method is the best, which means the Brovey model has the best effect in spectral
preservation (as can be seen in Fig. 4). The DWVM could give better results than SWVM.
3.3 Fusion Experiments on WorldView-2 Sample Images
Compared to QuickBird images, WorldView-2 images have different characteristics for the spec-
tral bands match between the MS and Pan bands. The spectrum band range of the WorldView-2
Fig. 1 Response of the multispectral (MS) bands and the panchromatic (Pan) band for the
QuickBird.32
Fig. 2 Spectral response of the WorldView-2 Pan and MS sensors.33
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Pan band is 0.45 to 0.80 μm; however, the other eight MS bands have a spectral range of 0.40
to 1.04 μm.
When the spectral range of the MS bands exceeds that of the Pan band, the acquired infor-
mation by the MS bands could not be captured by the Pan band. This situation has conflicts with
the assumption of VM that the Pan image is a linear combination of the MS images. Here, each
group of the WorldView-2 images is divided into two situations where the spectral range of the
MS bands exceeds that of the Pan band (B1, B7, and B8) and the spectral range of the MS bands
does not exceed that of the Pan band (B2, B3, B4, B4, and B6).
The CCs between the MS and Pan bands are shown in Table 3. It is obvious that CCs within
the situation where the spectral range of the MS bands exceeds that of the Pan band are less than
that where the situation of the spectral range of the MS bands does not exceed that of the Pan
band. Nevertheless, the difference is not apparent. The CC difference caused by the scene
differences, i.e., different groups of data, is more apparent since the CCs in WV2-Group1
are significantly lower than that in WV2-Group2.
Fig. 3 Test images. QuickBird-Group1 (a and b); QuickBird-Group2 (c and d); WorldView-Group1
(e and f); WorldView-Group2 (g and h). (a), (c), (e), and (g) are PAN images. (b), (d), (f), and (h) are
color composites of MS images.
Table 1 The CCs (c) between the MS and Pan bands and its corresponding weights (w ).
B1 B2 B3 B4
Blue Green Red NIR
QB-Group1 c 0.6989 0.7700 0.7073 0.8183
w 0.2334 0.2571 0.2362 0.2733
QB-Group2 c 0.6992 0.7466 0.7021 0.7706
w 0.2396 0.2558 0.2406 0.2640
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Table 2 The comparison of different image fusion methods (the bold ones are the best and the
italic ones are the second best).
QB-Group1 QB-Group2
(a) (b) (c) (d) (e) (a) (b) (c) (d) (e)
CC 0.248 0.246 0.631 0.295 0.174 0.123 0.114 0.262 0.163 0.110
Qave 0.968 0.969 0.849 0.937 0.970 0.991 0.992 0.992 0.958 0.987
RMSE 8.270 8.133 14.711 19.288 16.696 3.333 3.208 4.474 10.497 4.779
SID 0.046 0.041 0.102 0.001 0.137 0.002 0.002 0.005 0.002 0.027
Note: (a) SWVM, (b) DWVM, (c) PCA, (d) Brovey, and (e) Wavelet.
Fig. 4 The comparison of the image fusion results from different methods: (a) QB-Group1-SWVM,
(b) QB-Group1-DWVM, (c) QB-Group1-PCA, (d) QB-Group1-Brovey, (e) QB-Group1-Wavelet,
(f) QB-Group2-SWVM, (g) QB-Group2-DWVM, (h) QB-Group2-PCA, (i) QB-Group2-Brovey,
(j) QB-Group2-Wavelet.
Table 3 The CCs (c) between the MS and Pan bands and the corresponding weights (w ).
Bands inside of Pan spectrum B2 B3 B4 B5 B6
Red Green Blue Red edge Yellow
WV2-Group1 c 0.6061 0.7910 0.6957 0.6770 0.7503
w 0.1722 0.2247 0.1976 0.1923 0.2131
WV2-Group2 c 0.8604 0.8921 0.9269 0.9112 0.9145
w 0.1910 0.1980 0.2057 0.2023 0.2030
Bands outside of Pan spectrum B1 B7 B8
NIR1 Coastal NIR2
WV2-Group1 c 0.5571 0.6389 0.6324
w 0.3047 0.3494 0.3459
WV2-Group2 c 0.8348 0.8604 0.8464
w 0.3285 0.3385 0.3330
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The fusion result images are shown in Figs. 5 and 6, and the quantitative evaluation results
are shown in Tables 4 and 5. From Table 5, which is for the situation where the MS bands are
inside the Pan spectrum, we can find that both the SWVM and DWVM are better than the PCA-
based fusion model, Brovey transform fusion model, and Wavelet fusion model for both groups
of the WorldView-2 data in terms of the balance between spatial and spectral information
(SWVM and DWVM are often listed as the second best among them). The DWVM-based fusion
model seems to have a more robust performance than the SWVM-based fusion model.
Comparing Group1 to Group2 WorldView-2 data, although there were some differences in
the absolute evaluation indices, no difference is found for the rank of the indices among different
fusion models.
Table 5 is the situation in which the MS bands exceed the Pan spectral range. Comparing the
situation that the spectral range of the MS bands is within that of the Pan band to the situation that
Fig. 5 The comparison of the image fusion results from different methods: (a) WV2-Group1 (with-
out exceeding) SWVM, (b) WV2-Group1 (without exceeding) DWVM, (c) WV2-Group1 (without
exceeding) PCA, (d) WV2-Group1 (without exceeding) Brovey, (e) WV2-Group1 (without exceed-
ing) Wavelet, (f) WV2-Group1 (exceeding) SWVM, (g) WV2-Group1 (exceeding) DWVM, (h) WV2-
Group1 (exceeding) PCA, (i) WV2-Group1 (exceeding) Brovey, and (j) WV2-Group1 (exceeding)
Wavelet.
Fig. 6 The comparison of the image fusion results from different methods: (a) WV2-Group2 (with-
out exceeding) SWVM, (b) WV2-Group2 (without exceeding) DWVM, (c) WV2-Group2 (without
exceeding) PCA, (d) WV2-Group2 (without exceeding) Brovey, (e) WV2-Group2 (without exceed-
ing) Wavelet (f) WV2-Group2 (exceeding) SWVM, (g) WV2-Group2 (exceeding) DWVM, (h) WV2-
Group2 (exceeding) PCA, (i) WV2-Group2 (exceeding) Brovey, and (j) WV2-Group2 (exceeding)
Wavelet.
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the spectral range of MS bands exceeds that of the Pan band, the fusion results of the nonex-
ceeding situation are better. In summary, even though there is a little conflict between the VM
assumption and the characteristics of WorldView-2 images, the VM-based fusion models pro-
posed in this research (SWVM and DWVM) are still good options for the fusion of WorldView-2
data. This is largely because the correlation between Pan and MS bands still exists when the
spectral range of the MS bands exceeds that of the Pan bands.
4 Conclusion and Discussion
Undoubtedly, remote sensing fusion research on pan-sharpening always aims to inject the spatial
information and preserve the spectral information in the fused images. In this paper, we present
two pan-sharpening models based on the VM that consist of several energy terms. The geometric
structure matching term is used to inject the geometric structure or spatial detail from the Pan
image, and the spectral matching term is utilized for preserving the spectral information. To
balance the tradeoff between injecting the spatial information and preserving the spectral infor-
mation, a static method and a dynamic weight method are introduced to control their relative
contributions. The coefficients for these methods were determined equally (static) and dynami-
cally by using the correlation between the MS and the Pan bands (dynamic), respectively. The
fused results by SWVM and DWVM are compared to that achieved by the PCA and Brovey, as
well as Wavelet fusion models by using four evaluation indices, namely CC, ERGAS, RMSE,
and SID index.
Through the two sets of fusion experiments on the very high spatial resolution remote sensing
data, e.g., QuickBird and WorldView-2 images, we could clearly draw the conclusion that the
VM-based image fusion models (SWVM and DWVM) have a better performance than the PCA,
Brovey, and Wavelet fusion models on the very high spatial resolution remote sensing images,
including both QuickBird and WorldView-2 images. Furthermore, the DWVM-based image
fusion could give a better fusion result than SWVM-based fusion. Even though in cases
Table 4 Nonexceeding situation (the special range of the MS bands is within that of the Pan
band; in the table, the bold ones are the best and the italic ones are the second best).
WV2-Group1 WV2-Group2
(a) (b) (c) (d) (e) (a) (b) (c) (d) (e)
CC 0.086 0.086 0.347 0.154 0.073 0.010 0.010 0.169 0.670 0.014
Qave 0.961 0.961 0.976 0.974 0.988 0.986 0.986 0.968 0.970 0.988
RMSE 37.406 37.399 39.210 59.844 36.308 10.442 10.420 56.965 61.912 37.407
SID 0.009 0.009 0.050 0.001 0.074 0.014 0.012 0.129 0.001 0.104
Note: (a) SWVM, (b) DWVM, (c) PCA, (d) Brovey, and (e) Wavelet.
Table 5 Exceeding situation (the special range of the MS bands exceeds that of the Pan band; in
the table, the bold ones are the best and the italic ones are the second best).
WV2-Group1 WV2-Group2
(a) (b) (c) (d) (e) (a) (b) (c) (d) (e)
CC 0.108 0.107 0.412 0.241 0.160 0.002 0.002 0.060 0.283 0.099
Qave 0.972 0.972 0.7795 0.896 0.983 0.969 0.969 0.789 0.899 0.980
RMSE 44.485 44.097 153.423 146.657 42.950 34.400 34.385 116.716 96.470 41.038
SID 0.013 0.013 0.0650 0.001 0.140 0.025 0.021 0.885 0.001 0.203
Note: (a) SWVM, (b) DWVM, (c) PCA, (d) Brovey, and (e) Wavelet.
Cao et al.: Variational model-based very high spatial resolution remote sensing image fusion
Journal of Applied Remote Sensing 083565-10 Vol. 8, 2014
Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 08/28/2016 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx
where the spectral ranges of the WorldView-2 MS images exceed that of the Pan band, the VM-
based fusion models could still prove their advantages in very high spatial resolution remote
sensing images fusion. All of these experiments could demonstrate that the VM-based fusion
models (SWVM and DWVM) are good options for the fusion of very high spatial resolution
remote sensing images. In the future, more evaluation experiments for different kinds of remote
sensing images would be done to confirm these conclusions.
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